A procedure to assess the spatial variability in the importance of abiotic factors affecting distributions: the case of world freshwater fishes by Manjarrés Hernández, Ana et al.
Article
A procedure to assess the spatial variability in
the importance of abiotic factors affecting
distributions: the case of world freshwater
fishes
Ana M. MANJARRE´S-HERNA´NDEZa, Ca´stor GUISANDEb,*, Emilio GARCI´A-ROSELLOc,
Patricia PELAYO-VILLAMILd, Jacinto GONZA´LEZ-DACOSTAc, Ju¨rgen HEINEc,
Luis GONZA´LEZ VILASb, Carlos GRANADO-LORENCIOe, Santiago R. DUQUEa, and
Jorge M. LOBOf
aInstituto Amazo´nico de Investigaciones-IMANI, Universidad Nacional de Colombia, Leticia, A.A. 215, Colombia
910001, bFacultad de Ciencias del Mar, Universidad de Vigo, Vigo 36310, Spain, cDepartamento de Informa´tica,
Edificio Fundicio´n, Universidad de Vigo, Vigo 36310, Spain, dGrupo de Ictiologı´a, Universidad de Antioquia,
Medellı´n, Colombia 050010, eDepartamento de Biologı´a Vegetal y Ecologı´a, Facultad de Biologı´a, Universidad de
Sevilla, Sevilla 41080, Spain, and fDepartamento de Biogeografı´a y Cambio Global, Museo Nacional de Ciencias
Naturales (CSIC), Calle de Jose´ Gutie´rrez Abascal 2, Madrid 28006, Spain
*Address correspondence to Ca´stor Guisande. E-mail: castor@uvigo.es.
Received on 20 May 2017; accepted on 18 September 2017
Abstract
Understanding the factors shaping species’ distributions is a key longstanding topic in ecology
with unresolved issues. The aims were to test whether the relative contribution of abiotic factors
that set the geographical range of freshwater fish species may vary spatially and/or may depend
on the geographical extent that is being considered. The relative contribution of factors, to dis-
criminate between the conditions prevailing in the area where the species is present and those
existing in the considered extent, was estimated with the instability index included in the R pack-
age SPEDInstabR. We used 3 different extent sizes: 1) each river basin where the species is
present (local); 2) all river basins where the species is present (regional); and 3) the whole Earth
(global). We used a data set of 16,543 freshwater fish species with a total of 845,764 geographical
records, together with bioclimatic and topographic variables. Factors associated with tempera-
ture and altitude show the highest relative contribution to explain the distribution of freshwater
fishes at the smaller considered extent. Altitude and a mix of factors associated with temperature
and precipitation were more important when using the regional extent. Factors associated with
precipitation show the highest contribution when using the global extent. There was also spatial
variability in the importance of factors, both between species and within species and from region
to region. Factors associated with precipitation show a clear latitudinal trend of decreasing in
importance toward the equator.
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The geographical area where a species is distributed is a complex
expression of its ecology and evolutionary history (Brown 1995),
being determined by several factors that interact dynamically and
with different strengths at different scales (Gaston 2003; Pearson
and Dawson 2003). Four main classes of factors determine areas in
which a species is found: abiotic and biotic factors, the regions that
are accessible to dispersal by the species from some source area, and
the evolutionary capacity of populations of the species to adapt to
new conditions (Sobero´n and Peterson 2005). In this context, the
estimation of the factors correlated with the distribution of organ-
isms is the necessary first step to infer the possible mechanisms able
to explain why the location, shape, extent, and boundaries of spe-
cies’ ranges are as they are (Van de Pol et al. 2016), as well as to
project the probable distribution of species in absence of exhaustive
distribution information (Peterson et al. 2011). The explanatory var-
iables for these purposes are generally established by examining the
relationships between their values and the abundance, density, cover
or presence/absence data in the case of individual species. In these
studies both the information of the predictors and of the response
variable come from different localities, which are managed in a
“global” way independently of their spatial location. Following
Ramo´n Margalef (1968) we could say that species “do not dance on
the head of a pin” and those simple stationary and isotropic global
models cannot represent appropriately the complex nature of the
relations between environmental conditions and species occurrences,
which may differ spatially.
The spatial variation in the weights of a predictor has been esti-
mated, for example by examining the change in the explanatory
capacity of a variable across distance classes or resolutions (Steffan-
Dewenter et al. 2002; Chust et al. 2004), a particularly important
issue in the case of freshwater fishes (Radinger et al. 2015), due to
the linear dependence of local characteristics. However, it is the stat-
istical technique geographically weighted regression (GWR) that has
been used in ecology to estimate the local influence of a predictor
variable when its relevance varies spatially (Osborne and Suarez-
Seoane 2002; Foody 2004; Bickford and Laffan 2006; Holloway
and Miller 2015). GWR can calculate local regression coefficients of
each explanatory variable considering subsamples of neighbors,
which are weighted differently by their distance to the focal point
(see Fotheringham et al. 2002). Although having many advantages,
GWR is computer-intensive, difficult to apply in the case of binary
response variables (presence–absence), and subjected to the same
requirements of ordinary least squares regressions.
The selection of the most relevant environmental variables is key
in the so-called species distribution models (SDMs) or ecological
niche models (ENMs), in which environmental characteristics of the
localities in which a species is observed are used as predictors to
account for species occurrences (Peterson et al. 2011). As reliable
absence information about species is generally lacking and difficult
to obtain, the selection of the variables with a higher probability of
being influential in predicting the distribution of species can be car-
ried out by comparing the environmental values in the occurrence
localities (use or presences) against those existing in the selected
territory (availability or background absences). This is the classic
procedure used in the resource selection functions (Johnson 1980) to
recognize the environmental predictors that contribute most to
explain the preferences of the species. These use/availability or
presence/background absence comparisons are rarely carried out
considering the non-stationary nature of the species occurrence–
environment relationships; that is, the lack of constancy of these
relationships across the geography. Mcnew et al. (2013) is the first
and unique study that we know using a logistic GWR in the context
of a use-availability scheme.
An instability index that does not require normalized data has
been proposed recently to discriminate the variables with a higher
likelihood of being relevant for presence/background absence data
(Guisande 2016; Guisande et al. 2016). Here, this instability index
is used to examine and visualize the spatial variation in the compa-
rative importance of a high number of continuous predictors, thus
showing the anisotropic and non-stationary character of predictors.
Worldwide freshwater fish species data are used to exemplify the
capacity of the proposed procedure to describe the comparative rele-
vance of temperature and precipitation variables in explaining spe-
cies distributions at different scales as well as showing their
contrasting non-stationary character.
Material and Methods
Estimation of the relative contribution of factors to
species’ distribution
The relative contribution of the selected explanatory variables on
the distribution of each one of the species was estimated with the
recently proposed instability index implemented in the R package
SPEDInstabR (Guisande 2016; Guisande et al. 2016; see help man-
ual in Guisande 2016, https://cran.r-project.org/web/packages/
SPEDInstabR/SPEDInstabR.pdf), which is based on the fluctuation
index of Dubois (1973) modified by Guisande et al. (2006, 2011).
This instability index has been designed to improve the correct iden-
tification of the variables controlling species distributions, when
these are continuous and difficult to normalize. To do that, the
SPEDInstabR application of RWizard (Guisande et al. 2014) allows
the reliable identification of the environmental factors that better
discriminate between the conditions prevailing in presence locations,
against those in the geographical background or area over which a
study was carried out. Once selected, these variables can be used to
estimate the probable and potential occurrence of the species from
fragmentary data (Pelayo-Villamil et al. 2012; Lobo 2016) but also
for other purposes as estimating the variables with a higher proba-
bility of being relevant to explain the distribution of species.
The variables selected are divided into quantiles or bins decided
by the user (the default is 30), which divide the values of each varia-
ble into groups with the same number of observations. Both the
number of observations (cells) in the selected geographical back-
ground belonging to each bin for the considered variable and the
number of presence observations in each bin is calculated. For each
of the considered bins, the relative frequency of the environmental
variable data as well as that of presence observation are then used to
calculate an index of instability (I). I is a modification of the fluctua-
tion index (Guisande et al. 2006) as:
I ¼ R
n
z¼1
R
i
j¼1
pzjlog2
pzj
pzj
pzj ¼
Izje  Izjp




R Izje  Izjp




;
where n is the number of environmental variables, i is the number of
intervals or bins, pzj is the relative proportion, considering all varia-
bles and intervals, of the absolute difference between the interval j
of the variable z obtained in the cells where the species is present
(Izjp) and the cells of the whole GB (Izje), and pzj is the reference state
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that is calculated as the mean of all the pzj values. If Izjp and Izje are
the same, as zero values cannot be included in the algorithm, the
minimum instability value is assigned that is obtained for this
species.
For each environmental variable, a peak of instability is observed
for a bin when there are important differences in the relative fre-
quency of the cells with presence data compared with those of the
geographical background, thus suggesting that some values of this
variable seem to be preferred by the species. Once the instability
index is calculated for each species, the values are standardized to a
range between 0 and 1, being thus possible to estimate the percent-
age of contribution of each environmental variable to the complete
index value. Those environmental variables with a higher percentage
of contribution to the instability index are those with the highest
capacity of discrimination between areas of presence and the geo-
graphical background.
Geographical extent
Due to the importance of the selected geographical extent both in
the results and in the discrimination capacity of SDMs (Barve et al.
2011; Acevedo et al. 2012; Niamir et al. 2016), 3 progressively wid-
ening extents were used to determine the comparative importance of
environmental predictors. The more restricted used extent (E1) is
delimited as each one of the river basins of level 2 (Gonza´lez-Vilas
et al. 2016), where there are observations of each species. Thus, if a
species has presence data in 3 different basins of level 2, the contri-
bution of predictors is individually estimated for each basin. The
rationale to use this geographical extent is that basins would encom-
pass the set of accessible localities for each species, and that the com-
parative relevance of each environmental predictor will be better
determined when the effect of dispersal limitations are minimized
(Peterson et al. 2011; Acevedo et al. 2012). The geographical extent
that follows includes all those river basins of level 2 where the spe-
cies is present (E2); that is, assuming that all the presence localities
are accessible and connected, even if they belong to different basins.
Finally, the whole Earth (E3) was also used as a geographical extent.
The number of intervals in which each factor is divided to compare
the conditions in presence localities versus the selected geographical
extent was the default option in SPEDInstabR.
Origin of freshwater fish species data
The data set of geographical records for freshwater fishes developed
by Pelayo-Villamil et al. (2015) was updated to reflect the taxo-
nomic changes and new species described until the end of April
2016. Online Appendix 1 shows a detailed description of all sources
obtained from the Global Biodiversity Information Facility (GBIF)
used in this data set, and other sources used such as web pages,
museums, etc. are described in Pelayo-Villamil et al. (2015).
Records were downloaded and filtered using the data cleaning facili-
ties available in the ModestR software (Garcı´a-Rosello´ et al. 2013,
2015): 1) records with the same latitude and longitude were not
included; 2) records with the latitude and longitude 0 were not
included; 3) duplicated records were not included; and 4) habitat
data cleaning (see Garcı´a-Rosello´ et al. [2014] for details). At the
end of April 2016, 16,543 species of freshwater fishes were recog-
nized as valid by systematists and are available in IPez (http://www.
ipez.es, Guisande et al. 2010), so this taxonomic list of species was
used in our study. Of these, 16,479 species (99.6% of the total) have
associated geographical information for a total of 845,764 geo-
graphical records (without duplication). From species with
distribution information (with available geographical records), in
the extent E1 only those species with more than 30 records were
considered (1,124 species with a total of 732,604 geographical
records). In the case of the extents E2 and E3, we used in our study
only those species with more than 100 records (846 freshwater fish
species with a total of 723,874 geographical records; see Online
Appendix 2 for detailed description of the species included in the
analysis).
Used environmental variables
From the 19 bioclimatic variables of the WorldClim data set for all
the Earth’s terrestrial area (Hijmans et al. [2005], see the acronyms
in the web site http://www.worldclim.org/bioclim), we firstly select
those with a variance inflation factor (VIF) lower than 20. VIF quan-
tify the multicollinearity of predictors (Dormann et al. 2013) and in
our case this value was selected in order to eliminate the variables
showing the most severe multicollinearity. We used this unusual
high VIF threshold to only eliminate those highly correlated environ-
mental variables in order to maximize the differences in the selected
predictors when the considered extent varies.
As consequence, the following 10 bioclimatic variables were
finally selected: annual mean temperature (BIO1), mean diurnal
range (BIO2), isothermality (BIO3), temperature seasonality (BIO4),
mean temperature of wettest quarter (BIO8), annual precipitation
(BIO12), precipitation of driest month (BIO14), precipitation sea-
sonality (BIO15), precipitation of warmest quarter (BIO18), and
precipitation of coldest quarter (BIO19). We also used other varia-
bles (see Pelayo-Villamil et al. 2015), such as human population
density (number of people per km2 in year 2000), slope (topographic
slope in degrees), slope-aspect (which is defined as the compass
direction to which a slope faces measured in degrees), altitude
(meters), vegetation index (VI), terrestrial primary production (TPP,
g C m2 d1), and TH24 (topographic heterogeneity calculated for
the 24 surroundings cells, see Pelayo-Villamil et al. 2015). We there-
fore used both direct and indirect variables (Austin 2007) probably
related with unconsidered ones, such as solar radiation, river flow,
etc.
Human population density comes from a globally consistent,
spatially explicit map based on the Gridded Population of the World
dataset, Version 3 (GPWv3). To develop the global data set,
national population data are transformed from their native spatial
units, which are usually administrative (such as state or county-
level) and of varying resolutions to a global grid of quadrilateral, lat-
itude–longitude cells at a resolution of 2.5 arc min, and then down-
scaled to 6 arc min. A proportional allocation gridding algorithm,
utilizing more than 300,000 national and sub-national administra-
tive units, is used to assign population values to the 1-degree grid
cells. Population densities show the number of humans per square
kilometer, based on census data available in 2000 and with esti-
mates when necessary to fill in missing or incomplete data.
The source for slope and aspect comes from combining data
from NASA’s Shuttle Radar Topography Mission covering the land
surface from 60 south to 60 north. The data for the rest of the
Northern Hemisphere (60–90 north) come from digital elevation
models (digital versions of paper-based topographic maps) produced
by the US Geological Survey. The data for the remainder of the
Southern Hemisphere (60–90 south) come from the “RAMP II”
project of the Radarsat Antarctic Mapping Project Digital Elevation
Model, Version 2.
VI and TPP (in g C m2 d1) come from the Moderate
Resolution Imaging Spectroradiometer (MODIS) instrument aboard
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Figure 1. Boxplots representing the median contribution of each one of the considered variables comparing the conditions of each freshwater fish species in their
presence cells of 50 50 against the conditions prevailing in the cells i) included in each river basin of level 2 where there are observations of each species (E1); ii)
all river basins where the species is present (E2); and iii) the complete world as extent (E3). The limit of the bars indicates the minimum and maximum, the limit
of the box indicates the first and third quartile, and the points are the outliers. If the notches of 2 groups do not overlap it seems to be an evidence that the 2
medians differ. BIO1, annual mean temperature; BIO2, mean diurnal range; BIO3, isothermality; BIO4, temperature seasonality; BIO8, mean temperature of wet-
test quarter; BIO12, annual precipitation; BIO14, precipitation of driest month; BIO15, precipitation seasonality; BIO18, precipitation of warmest quarter; BIO19,
precipitation of coldest quarter; number of people per km2, Pop, population density; topographic slope in degrees, slope; slope-aspect (which is defined as the
compass direction to which a slope faces measured in degrees); altitude (meters); VI, vegetation index; TPP, terrestrial primary production in g C m2 d1; and
TH24, topographic heterogeneity calculated for the 24 surroundings cells.
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NASA’s Terra satellite. Specifically, monthly data of terrestrial net
primary productivity and VI from 2001 to 2010 were obtained by
averaging available information for each pixel of selected variables
using the statistical software RWizard (Guisande et al. 2014). The
net primary productivity indicates how much carbon dioxide is
taken up by vegetation during photosynthesis minus how much car-
bon dioxide is released when plants respire. The values indicate how
fast carbon was taken in, or released, for every square meter of land
over the indicated time span. Values range from 1.0 g C m2 d1
to 6.5 g m2 d1. A negative value means decomposition or respira-
tion exceeded carbon absorption; in other words, more carbon was
released into the atmosphere than was absorbed by the plants. We
also include the VI as a productivity variable. This variable repre-
sents a measure of the greenness of Earth’s landscapes.
All these variables were included in the analyses at a resolution
of 50 50 (100 km2). The use of the same resolution for the
different extents may be influencing the provided results but con-
versely using different resolutions may complicate the estimation of
the effect that we try to measure (the extent) as showed by other
authors (Gillingham et al. 2012).
Results
At the more restricted extent (E1), variables associated to tempera-
ture (BIO8, BIO1, BIO3, and BIO4) and the altitude were the fac-
tors with the highest relative contribution to explain the
distributions of each individual freshwater fish species (Figure 1
upper panel). Altitude and a mix of factors both associated with
temperature (BIO1 and BIO4) and precipitation (BIO19, BIO12,
and BIO14) become important factors at E2 (regional extent; see
medium panel in Figure 1). Lastly, some variables associated with
Figure 2. Mean6SD frequencies (lines6 shaded areas) for each variable interval for the cells with presence records and the cells of the E2 geographical extent
(all river basins of level 2 where the species is present). BIO1, annual mean temperature; BIO4, temperature seasonality; BIO12, annual precipitation; BIO14, pre-
cipitation of driest month; and BIO19, precipitation of the coldest quarter.
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precipitation (BIO19, BIO14, BIO12, and BIO18) were those that
had the highest contributions when using the world as extent (E3;
lower panel in Figure 1). Therefore, the contribution of the factors
associated with precipitation seems to increase with the size of the
considered extent, while the contribution of the factors associated
with temperature variables increased as the size of the extent
decreases.
The differences in the frequency of presence cells along each vari-
able gradient versus the frequency of the cells at the selected extent
can be geographically represented (Figure 2). The results for the E2
situation were described, although the patterns were similar for the
E1 and E3 extents (shown in Online Appendix 3, Figure A3.5 for E1
and Figure A3.6 for E3). Thus, presence cells seem to be compara-
tively more frequent at lower altitudes (<250 m) and less frequent,
at altitudes from 300 m to 2,000 m, than the frequencies of the cells
of the E2 geographical extent (Figure 2). At higher altitudes
(>2,000 m) both frequencies seem to be similar. In the case of
annual mean temperatures (BIO1), presence cells were less frequent
until 13 C, approximately, but more frequent at temperatures from
13C to 22 C (Figure 2). The frequencies of presence cells were
higher at intermediate values of temperature seasonality (BIO4), but
freshwater species seem to avoid areas with high temperature sea-
sonality (Figure 2). In the case of BIO12 (annual precipitation), the
frequencies of presence cells were lower than those of the geographi-
cal extent in places with <1,200 mm, approximately, but higher at
greater precipitation values. Both the precipitation of the driest
month (BIO14) and the precipitation of the coldest quarter (BIO19)
showed a similar pattern (Figure 2), with the frequencies of the pres-
ence cells being lower at lower values and higher at intermediate val-
ues than the frequencies of cells at the considered extent.
The spatial variability in the relative contribution of each factor,
both for all species (mean contribution) and single species, show
that the same variable may exercise a different influence depending
on the geographical location and the considered extent (Figure 3
upper panel). This spatial variability can be observed in all the con-
sidered environmental variables (not shown). In fact, a clear latitudi-
nal gradient can be observed in the variation of the percentage of
contribution of some variables, which may vary depending on the
considered extent (i.e., BIO14 and BIO19 see Figure 4). The contri-
bution of an indirect variable such as altitude seems to be highly
dependent on the considered extent, although is generally lower at
the higher latitudes of the southern hemisphere. The contribution of
annual mean temperature was rather homogeneous and erratic
(Figure 4), while the variation in the contribution of precipitation
variables (i.e., BIO19 and BIO14 in Figure 4) show a clear pattern.
Tropical and subtropical basins were significantly less influenced by
precipitation variables than northernmost and southernmost high-
latitude basins. Interestingly, in the northern hemisphere the contri-
bution of precipitation variables seems to be higher when the consid-
ered extent increases.
Discussion
In this study, we were able to demonstrate that the identification of
the factors accounting for the distribution range of the species
clearly depend on the extent to which these relationships are exam-
ined, a topic which has long been hypothesized (MacArthur 1972;
Wiens 2015) and that only recently has been considered fundamen-
tal to correctly estimate the predictor functions relating species
occurrences with environmental variables (Barve et al. 2011;
Acevedo et al. 2012). Our study also shows that the influence of
explanatory variables changes spatially in a non-stationary way, as
demonstrated in other studies (Osborne and Suarez-Seoane 2002;
Foody 2004; Bickford and Laffan 2006; Hortal et al. 2011; Mcnew
et al. 2013; Holloway and Miller 2015). In our study, altitude is an
important factor that influences the smaller considered extent distri-
bution patterns, but not at global extents. Factors associated to tem-
perature are also important at local extent, whereas factors
associated with precipitation seem to be more important at global
extents. Moreover, the relative contribution of factors to explain the
distribution of freshwater fish species varies from region to region,
due partially to the different species present in each area, but mainly
due to the spatial variation in the importance of the factors account-
ing for freshwater species’ distributions. This spatial variability in
the importance of environmental factors has been formerly docu-
mented in the case of fishes (Windle et al. 2010; Radinger et al.
2015). Here, a latitudinal and geographical gradient in the impor-
tance of abiotic factors has been shown.
Figure 3. Map representing the geographical variation in the mean percent-
age of contribution of precipitation of the coldest quarter (BIO19, upper panel)
for all freshwater fish species in the cells of 1, as measured by the instability
index. These contribution scores were calculated using the SPEDInstabR
algorithm comparing the values in the presence cells against those present in
all the cells of the E2 geographical extent (all river basins of level 2 where the
species is present). Percentage of contribution of altitude on the distribution
Esox lucius (medium panel) using the E1 geographical extent, and contribu-
tion of annual precipitation (BIO12) for the species Hoplias malabaricus
(lower panel) at the same extent.
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The frequency distribution of presence data compared with those
existing in the occupied basins (Figure 2) is in agreement with classic
environmental gradients (Griffiths et al. 2014): the frequency of
occurrence of freshwater fishes diminishes at temperatures below
13 C and precipitations lower than 1,200 mm, approximately.
However, freshwater fishes in tropical and subtropical basins are
comparatively less influenced in their distributions by precipitation
variables than those located in northernmost and southernmost
high-latitude basins. Interestingly, in the northern hemisphere the
contribution of precipitation variables seems to be higher when the
considered extent increases, so that precipitation variables increase
in importance at higher latitudes, both south and north, although
this latitudinal trend is more or less pronounced depending on the
extent considered. Thus, when the variability in the climatic condi-
tions is minimized by considering only a geographical background
limited to the basins in which a species occurs, the comparative rele-
vance of precipitation variables in explaining occurrence and distri-
bution seems to be higher than that of temperature under temperate
conditions. We may hypothesize that the higher levels of annual pre-
cipitation in tropical and subtropical basins suggest that precipita-
tion is not a limiting factor in these areas, so its effect on fish
distribution is not as important as in higher latitudes, where hydro-
logical variations related to precipitation may be a more limiting
factor when compared with temperature.
Of course, the procedure proposed to identify the most impor-
tant factors in determining the occurrence of individual freshwater
fishes should be managed with caution. The provided results are not
only limited by potential errors in the number and characteristics of
the used environmental variables (Van Neil et al. 2004), the exis-
tence of false presence records (Tyre et al. 2003) or survey biases
(Pelayo-Villamil et al. 2015), but also by the lack of consideration of
the historical biogeography of the species (Wiens and Donoghue
2004) or species interactions (Gonza´lez-Salazara et al. 2013).
However, in spite of this, our findings clearly suggest that different
predictors can be detected as relevant at different scales. This fact
has important implications for studies about SDMs and ENMs, for
which predictor selection is an important issue affecting models’ pre-
dictive ability (Austin 2007). We suggest when modeling species dis-
tribution, that careful attention should be paid to the selection of the
extent used to estimate the SDMs and ENMs as previously suggested
(Barve et al. 2011; Acevedo et al. 2012), and that a single set of pre-
dictors for each species should not be used, but instead different pre-
dictors and predictor functions for each region where the species is
present (Mcnew et al. 2013). These are not new issues and we are
aware of how its consideration complicates the building of models
capable of providing reliable estimations of species distributions.
How to select the most appropriate extent for each species, and how
to manage the variation in the parameters of the environmental pre-
dictors obtained at different extents to generate reliable regional pre-
dictions are key issues to address (see, e.g., Sua´rez-Seoane et al.
2014). Be that as it may, modelers should justify how they have
managed these 2 questions or why it has not done so.
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Figure 4. Mean latitudinal contribution to the values of the instability index (%) of altitude, annual mean temperature (BIO1), precipitation of driest month (BIO14),
and precipitation of coldest quarter (BIO19), depending on the considered geographical extent. Higher latitudes (90–45 both north and south) were not included
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Supplementary Material
Supplementary material can be found at https://academic.oup.com/cz.
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